The purpose of this paper is to formalize an individual-based and spatially explicit model for the epidemiology of infectious diseases. It is the common perception that infectious diseases are transmitted from individual to individual following the network of contact between them. Through this network, diseases spread through space and time. Computing models are needed to represent such spatially varying, temporally dynamic, and individual-based epidemiological phenomena. A successful computing model requires a formal conceptual model to capture the essence of the phenomenon ö the individuals, space, time, and the interplay of these essential elements öin order to guide the design and implementation of a computing model. Presently few such formal models exist.
Introduction
The purpose of this paper is to formalize an individual-based and spatially explicit model for the epidemiology of infectious diseases. It is the common perception that infectious diseases are transmitted from individual to individual following the network of contact between them. Through this network, diseases spread through space and time. Computing models are needed to represent such spatially varying, temporally dynamic, and individual-based epidemiological phenomena. A successful computing model requires a formal conceptual model to capture the essence of the phenomenon ö the individuals, space, time, and the interplay of these essential elements öin order to guide the design and implementation of a computing model. Presently few such formal models exist.
Traditional epidemiological models represent the dynamics of infectious diseases through a nonspatial and population-based approach, and time has always been represented explicitly. These models do not explicitly address causal factors for the development of epidemics. Instead, they directly estimate the size of the affected population. In a modeling process, a population is divided into susceptible, infected, and recovered segments. The development of an epidemic is represented as the change in the size of the infected population segment resulting from changes in the sizes of the other segments. These changes are assumed to be continuous and the rate of change at any given time is expressed by partial differential equations (Anderson and May, 1992) . This basic population model and its derivatives provide a foundation for modern epidemiology and a tool to assess the dynamics of epidemics and population health. The simple model structure and associated small number of parameters allow for an easy modeling process. By adjusting the parameters, the models can reasonably approximate the observed health data. For well over half of a century, these traditional models have remained the mainstay for epidemiology. In the past decade, however, these population-based and nonspatial models have drawn increasing criticism. Despite the strengths of these models in predicting the health outcome at the population level, they fail to produce realistic and useful results for complex systems (Holmes, 1997; Koopman and Lynch, 1999) .
Several recent approaches in epidemiology attempt to seek alternative means to model population health. One approach explicitly considers discrete individuals and the interactions between them. This is represented in discrete individual transmission models. Another approach considers the spatial adjacency between the infected and the susceptible in local transmissions (hereafter referred to as the spatial adjacency model). A third approach focuses on subpopulations and the transmission of disease between them (referred to here as subpopulation models). Each of these approaches is driven by assumptions that deviate from those of the traditional population models.
The discrete individual transmission models are based on the belief that individuals are different from one another and this simple fact should be a basic assumption for epidemiological studies (Keeling, 1999; Koopman and Lynch, 1999) . Developed mostly for sexually transmitted diseases, these models are built on the discrete individuals and the contact between them (Adams et al, 1998; Ghani et al, 1997; Koopman and Lynch, 1999; Kretzschmar and Morris, 1996; van der Ploeg et al, 1998; Welch et al, 1998) . This development challenges the traditional population-based modeling approach by explicitly incorporating causal factors into the model. The spatial variation in disease transmission, however, is not always considered in the discrete individual transmission models.
The spatial adjacency models are based on the notion that disease transmission is an intrinsically spatial process. Thus, using nonspatial approaches to model a spatial process may lose insight into the epidemiological phenomena being studied (Holmes, 1997) . In the spatial adjacency models, an individual is represented as a cell in a grid and the disease is transmitted locally from an infected cell to adjacent susceptible cells. When incorporating the spatial adjacency into the framework of populationbased models, the outcomes differ significantly from those of nonspatial models. However, in the spatial adjacency models, individuals are assumed to be immobile and spatially adjacent. These assumptions limit the applicability of this type of model to disease transmission between immobile objects, such as plants. For highly mobile and spatially dispersed objects, such as humans, the spatial adjacency models are inappropriate.
The subpopulation models attempt to increase heterogeneity in the population in order to produce more realistic results than the traditional epidemiological models. Those models that define subpopulation by age group are called realistic age-structured models (Ferguson et al, 1997; Grenfell and Harwood, 1997) . Those that place subpopulations into grid cells are called spatially structured models (Ferguson et al, 1997; Grenfell and Harwood, 1997; Keeling, 2000; Lloyd, 1995; Rhodes and Anderson, 1997; Szymanski and Caraco, 1994; Torres-Sorando and Rodriguez, 1997) . The disease passes between the subpopulations through`coupling' at the subpopulation level. However, because within a subpopulation the individuals are assumed to be immobile and mix homogeneously, these models are not always directly applicable to humans (Rhodes and Anderson, 1997) .
Despite their shortcomings, these recent approaches reflect the effort to improve epidemiological modeling to deal with complex systems and overcome the problems in the traditional population-based epidemiological models. These approaches provide incentives as well as challenges for further studies to represent better the epidemiology of infectious diseases.
In this paper I propose a framework to formalize an individual-based and spatially explicit model in the context of the epidemiology of infectious diseases. The framework is intended for infectious diseases communicable between mobile humans in an urban environment. The focus of the paper is on conceptual issues that arise in establishing such a framework. These issues include the following: (a) assumptions, (b) conceptual models, (c) model structures, (d) computation approaches. The basic assumptions help abstract the essential aspects of epidemiology. In this study, these include the individuals, their interactions, and the spatial and temporal variations of these interactions. Based on these assumptions, the conceptual models formalize the representation of perceived reality into several principles. These include the basic elements of the perceived reality and the relationships between them. With the conceptual models established, a model structure is needed to support the explicit representation of the identified elements and relationships. Within the model structure, the computation approaches are used to estimate model outcomes, such as population health. These steps are necessary to represent the essential aspects of reality and implement them in the form of a computing model.
Four aspects of such an individual-based and spatially explicit model are discussed: (1) the basic modeling unit, (2) temporal dynamics, (3) spatial variation, and (4) interactions between individuals. For each aspect, the basic assumptions are discussed in comparison with those of the traditional models. Conceptual models are then devised to reflect the assumptions and to guide the subsequent choice of model structures and computation approaches. If the conceptual models are drawn from theories in related fields, their implications to epidemiological modeling are evaluated. Based on these conceptual discussions, a simple influenza epidemic is simulated in order to illustrate the application of the proposed individual-based spatial model.
Modeling unit: population segments versus unique individuals
The traditional epidemiological models are rooted in general population models (Kermack and McKendrick, 1927) . These models have several basic assumptions with respect to individual characteristics in the development of diseases: (1) individuals are identical; (2) the interaction between individuals is global; (3) the spatial distribution of individuals is uniform; and (4) contact rates between individuals are equal. These overly simplified assumptions significantly limit the usefulness of populationbased models for several reasons. First, the assumption of identical individuals ignores differences in infection probability among susceptibles. Individuals of a certain age, such as children and the elderly, are more vulnerable to infection than other susceptibles. Second, against the assumption of global mixing, an individual is actually in contact with only a finite number of other individuals during a given time. Third, the assumption of uniform spatial distribution of individuals is not realistic. Individuals are distributed in clusters (for example, home and workplace) and each individual travels between clusters. Fourth, the assumption of equal contact rates between all individuals is overly simplistic. For example, individuals of certain employment status, such as retired individuals, tend to have fewer contacts than do employed individuals. The recognition of these limitations, especially those of identical individuals and global mixing, has spawned a host of alternative modeling approaches, such as those mentioned in the introduction.
Individual-based epidemiological modeling requires that a conceptual model be based on the following assumptions: (1) individuals are different; (2) individuals interact with each other locally; (3) individuals are mobile; and (4) the environment for individuals is heterogeneous. These considerations are widely supported in several disciplines that have experienced a major shift away from population-based and towards individual-based approaches. These individual-based models may carry different names, such as the discrete individual transmission models in epidemiology (Adams et al, 1998; Ghani et al, 1997; Koopman and Lynch, 1999; Kretzschmar and Morris, 1996; van der Ploeg et al, 1998; Welch et al, 1998) , individual-based models in ecology (Bian, 2000; DeAngelis and Gross, 1992; Judson, 1994; Tyler and Rose, 1994; Westvelt and Hopkins, 1999) , microsimulation in regional science (Amrhein and MacKinnon, 1988; Benenson et al, 2002) , and most often, agent-based simulation in many disciplines (Bousquet et al, 2001; Gilbert and Conte, 1995; Gilbert and Doran, 1994; Lake, 2000) . This shift calls for the explicit consideration of unique individuals and how they collectively affect population dynamics.
The individual-based assumptions require the conceptual model to consider discrete individuals as the modeling unit. Associated with this requirement is a set of principles that form the core of the conceptual model. These principles include the representation of unique individuals, their characteristics and behaviors, the relationships between them, relationships between them and the environment, and how these characteristics and interactions change through time and space. Presently, object-oriented modeling is widely used as a modeling structure to support individual-based models (Bian, 2000; Maley and Caswell, 1993; Silvert, 1993) .
It is important to note that object orientation is treated here as a means of representation, modeling, and abstraction to represent human perceptions of reality, rather than as a popular programming technique (Khoshafian and Abnous, 1990; Wand, 1989; Wegner, 1990) . Conceptually, object orientation is based on the assumption that the world is made of discrete objects, either tangible or conceptual. This assumption entails the use of discrete individuals as the modeling unit. Based on this assumption, object orientation furnishes the following modeling principles. These include the concept that each individual has unique attributes and behaviors. Although the attributes describe the state of the individual, behaviors may change this state in an event, either as a result of the behavior of the individual or of other individuals. These individuals can be organized in a hierarchy or as aggregates depending on the intended representation.
These object-oriented principles are consistent with the requirements of an individualbased epidemiological model, and provide an ideal structure to build a model around discrete individuals. With this model structure, the representation and organization of individuals are straightforward. For example, the characteristics of an individual, such as age and occupation, can be represented as attributes of the individual, and the interactions between individuals are represented as behaviors.
An individualized representation does not replace the most basic theories in epidemiology, but can significantly affect the modeling outcome. The most important estimates for forecasting epidemics include the critical population size to initiate an epidemic, the persistence of an epidemic, the total number of individuals infected, and the dynamics of epidemics through time. The difference in prediction is evidenced by recent studies using individual-based models (with various spatial assumptions), such as discrete individual transmission models and spatial adjacency models (Holmes, 1997; Judson, 1994; Keeling, 1999; van der Ploeg et al, 1998) . The subpopulation models, though not based on discrete individuals, also generated predictions that differ from those of the traditional population models (Cliff et al, 2000; Ferguson et al, 1997; Grenfell and Harwood, 1997) .
In the traditional models, the outcome is determined by a few parameters. The individual-based models, on the other hand, depend on the accumulation of connected yet individualized infections. Thus, the infection probability of each individual and the contact between the susceptible and infected individuals ultimately determine the outcome. Keeling (1999) presents an analytical approach to formulating statistical properties of an epidemic through correlated individuals.
Time: continuous process versus discrete events
The dynamics of diseases are intrinsically temporal. The traditional epidemiological models treat an epidemic as a continuous shift between the sizes of the infected, susceptible, and recovered population segments, giving a fixed total population size. Because of the continuity assumption, partial differential equations are the default model structure. These traditional epidemiological models treat time explicitly and two associated assumptions are worth discussing. First, the continuity assumption is built on the change in the size of population segments and thus is inappropriate for modeling individuals, because the concept of size does not apply to individuals. Second, the health states of the population segments are assumed to be discrete. That is, the susceptible, infected, and recovered are distinct states. The latter assumption can be adopted for the proposed individual-based model.
From an ontological perspective, the epidemiology literature has always described an infection history as a sequence of distinct periods, each of which begins and ends with a discrete event. The critical periods include the latent, the infectious, and the incubation periods. The critical events include the receipt of infection, the emission of infectious material, and the appearance of symptoms. The relationships between these periods and events are illustrated in figure 1. The latent period begins with the receipt of infection and lasts as long as the infection develops internally without the emission of infectious material. Once the infected individual communicates infectious material to other susceptibles, the latent period ends and the infectious period begins. The incubation period overlaps with the latent period and part of or the entire infectious period, such that it begins with the receipt of infection and ends with the appearance of symptoms (Baily, 1975) .
Several implications can be drawn from these epidemiological principles and serve as a conceptual model for an individual infection process. First, it is most appropriate to represent the individual infection as a series of discrete events and periods. Second, the discrete events have no duration in their own right and only trigger the change between infection periods. Third, the discrete periods indicate the infection status of an individual and are part of the individual's characteristics. This information, along with the contact structure between individuals, ultimately determines how diseases spread in a population (as discussed in later sections of this paper). Fourth, these events and periods can be expressed in both semantic time and absolute time. The semantic time (that is, latent period, infectious period, and so on) carries meaning and Note that the appearance of symptoms may occur before, at, or after the end of emission of infectious material. quality with regard to an individual's health status. The absolute time is the commonly used Newtonian time reference. With this reference, the events can be expressed as points in time (for example, 9.00 am) and periods can be expressed as duration in time (for example, two hours). The representation of the infection times can be readily supported by an object-oriented model structure. For example, an infection event can be represented as an object-oriented event, and the infection periods should be treated as an attribute of an individual indicating the infection status.
With regard to computation approaches, the discrete representation of both individuals and time may move epidemiological modeling further toward the stochastic approach and away from the deterministic approach routinely used in the traditional models. The stochastic prediction of epidemic has to rely on the probability of individual infection, while at the population level the prediction depends on the accumulative effect of individualized infections. This approach requires reasonable estimates of many stochastic aspects of infection. For example, the contact structure between individuals is especially important for modeling the spread of disease through a network of individuals.
Space: wave versus network
The spread of disease is a spatial process. The traditional epidemiological models focus primarily on the temporal dynamic of infection. The spatial version of these models extends the traditional models to deal explicitly with the spread of disease through space (Cliff and Haggett, 1990; Cliff et al, 1981; Ferguson et al, 2001; Rhodes and Anderson, 1997) . A common form of these spatial models treats the dispersion of disease as traveling waves of infection across a landscape. Diseases spread from a center point and travel uniformly outward. The infected are on the crest of the wave, facing the susceptibles in front, and leaving the recovered behind.
These models have been used successfully to predict the spread of disease between communities, such as from one city to another and from cities to rural areas. Rooted in the population-based modeling approach, these models treat a community as a homogeneous unit and the transmission of diseases is modeled between these units. Such an assumption is not directly applicable to individual-based and within-community modeling. The spatially structured models treat a smaller segment of the population as a homogeneous spatial unit than do the traditional models. The passage of diseases is thus modeled between these smaller units. Although a step away from the homogeneous community and towards a heterogeneous one, the spatial assumptions of the spatially structured models do not significantly deviate from the traditional models; thus they are also inappropriate for individual-based models.
The spatial adjacency model (Holmes, 1997) brings the concept of local infection into epidemiological modeling. In this model, diseases spread through the combination of both local transmission and long-distance dispersion. The local transmission begins from an infected cell and spreads from this cell to the neighboring susceptible cells. The long-distance dispersion establishes new foci of infection throughout a community. The concept of local transmission is a significant change to the traditional models. However, the assumption behind the local transmission are not applicable to humans who are mobile and spatially dispersed. Different assumptions are required.
In a human population, an individual participates in a sequence of activities on a daily basis. Some of the activities are stationary and some are mobile. Stationary activities occur at a physically fixed location, such as a home or a workplace. At these locations, the individual may interact with other individuals in a group activity. When a group dissolves, an individual travels through space and time to another location, often joining another group. This process is best described in Ha« gerstrand's time geography (Ha« gerstrand, 1970; Lenntorp, 1978; Lo« yto« nen, 1998; Pred, 1977) . In time geography, the daily (yearly or lifetime) experience of an individual is represented as a life path of movement through space and time, and this life path is presented as a trajectory in a space^time prism.
An extended time geography can represent the spread of infection in space through both a local infection and a long-distance dispersion. Local infections occur at a stationary location and the long-distance dispersions occur through travel. For example, an individual may be exposed to infection at a stationary location through interaction within a group. The probability of infection depends on the attributes of the individual, such as age, the infection status of other individuals in the group, and the contact structure within the group. The contact structure may in turn depend on the environment of the location. At home, for example, family members are in full contact, whereas in the workplace the contact may only be partial. The local infection spreads further in space as individuals travel. For the susceptible, travel brings increased probability of infection at different locations. The infected, on the other hand, transmit diseases to the next location in space. The concept of extended time geography provides an appropriate assumption for individual-based models.
This assumption requires the following conceptual model. First, the unit of representation of extended time geography is an individual. Second, because the individual is mobile, both location and time are essential attributes of the individual and must be explicitly represented. Third, location should be represented by two attributes: the absolute and semantic locations. The absolute location is referenced by the Newtonian coordinate system. The semantic location reflects the environment of a location, such as home or a workplace, and the corresponding interaction patterns. These representation requirements can be readily supported by the object-oriented model structure.
Because the original intention of time geography is to represent the space^time constraints on an individual's life path, its focus is on a single individual. Although the group is an important concept in time geography, it is viewed from the perspective of an individual and is treated as part of the environment of a location. A reasonable representation of interactions between individuals must include two or more intersecting life paths in order to represent a group, and a collection of connected groups to represent a population. Although time geography is limited in these representations, network theory can effectively complement the necessary requirements and serve as an effective model structure.
A network consists of nodes and links. For spread of diseases, a node can represent an individual or a group, and links represent the local interactions between individuals or connections between groups. Network theory mostly focuses on how a network topology affects the performance of a network, measured by how efficiently the network can support transmissions between nodes. Important topology measurements include the number of links for a node, the degree of connection between a given number of nodes, the minimum number of links between any pair of nodes, and so on (Albert et al, 2000; Keeling, 1999; Watts and Strogatz, 1998) . These measurements can be used to describe the contact structure between individuals and between groups. Clearly, the network model structure can extend the single life path in time geography into a network of simultaneously active life paths.
Interaction: nighttime versus daytime populations
Interaction structures depend on the environment. Those that occur at home during the nighttime differ from those at the workplace during daytime. Neither the traditional models nor the alternative models consider this difference. Most studies focus only on the nighttime population, although the daytime population is equally at risk.
The availability of census data has enhanced the emphasis on nighttime population because these data are based on residents at home rather than employees at workplaces. The proposed individual-based spatial model assumes that both nighttime and daytime populations as well as the connections between them are important in the development of an epidemic. Based on this assumption, the principles of the conceptual model are described below.
As mentioned previously, there are two types of interaction: those within a group and those between groups. The interaction between individuals within a group occurs at a stationary location. The interaction between individuals across group boundaries is facilitated by travel. The interaction within a family is usually perceived as a simple network, in that all individuals interact with one another (figure 2). Interactions at workplaces tend to be perceived as a full or a partial mix and thus are more complex than interactions at home (figure 2). Small groups at workplaces tend to have a full mix and large groups tend to have a partial mix.
The between-group interactions link those within a group into a network. There are three between-group links that can serve as possible pathways of infection: (a) an open path, (b) a semiopen path, and (c) a closed loop (figure 3). Depending on their occupation, most individuals interact with more than one group on a daily basis. They can receive and spread infection between groups and, thus represent an open path for infection. The semiopen path applies to those individuals who interact regularly with only one group and tend to receive and spread infection only within the group. Their contacts with outside groups are made indirectly through those members of the group who have between-group connections. The third type of path, closed loop, refers to the situation in which all members of a group interact with each other without outsidegroup connections. These individuals are less likely to receive or spread infection than other individuals. A similar model of possible infection paths is discussed in the context of sexually transmitted diseases by Ghani et al (1997) . What are not considered in this study and other related works are the direction and magnitude of interactions. Infection is a directional interaction in that diseases are transmitted from the infected to the susceptible. The direction of infection determines the temporal sequence of infection from individuals to groups, and eventually to the population. In addition, interaction also has magnitude, that is, the probability of infection, depending on the immune state of a susceptible individual.
Of the three aforementioned principles, that is, the mixing pattern, infection pathway, and infection direction and magnitude, the network model structure can readily accommodate the infection direction and magnitude. For the remaining principles, it is necessary to treat a group, rather than an individual, as a node in the network. Thus, interactions are treated at two different scales, within a group and between groups. The within-group interactions are treated as a within-node network. The between-group interactions are treated as the network between nodes.
Graphically this can be represented as a two-layer structure (figure 4), each layer representing a type of group (for example, homes or workplaces). Within a layer is the within-group local interaction, and between the layers is the between-group interaction that links the nighttime with the daytime population. Many implications can be drawn from this two-layer structure. A direct implication is the possibility of duplicate contact. For example, if several members of a family work at the same place, the contacts between these individuals are duplicated on a daily basis. This may lead to more realistic yet more complex outcomes than can be produced by the traditional and other models.
The network model structure complements the object-oriented model structure in supporting the representation of nighttime and daytime groups and the link between them. In the object-oriented model, two attributes (family identification and workplace identification) link an individual to the two groups. The size and composition of families and workplaces help estimate the mixing pattern within a group. Attributes of individuals, such as age, occupation, and health status, help estimate the probability of infection, type of infection path, and direction of the path, respectively. The interaction between individuals can be represented as the behavior of individuals. The network topology further specifies the structure of these links. The stochastic computation approach implements these groups and links through probability terms. Ultimately, the collective effect of these probabilities determines the sequence of the infection events through time and space.
Model design and simulation
The design of an illustrative simulation model for an influenza epidemic is described below. Certain aspects of the model were simplified because the purpose of the simulation is to illustrate the individual-based spatial modeling approach. Influenza is chosen for the simulation because it is common and readily communicable between humans. The basic design of the model follows the principles of object orientation. The identification of objects, their attributes and behaviors, and the network structures are summarized below. Most of these elements have been discussed in various sections of this paper. Additional discussion on how these elements are incorporated in the simulation is provided following the summary. Object: an individual. Attributes:
age: children, elderly and other adults, and their associated probabilities of infection; occupation: with or without outside-group interaction; infection status: latent, infected, and recovery; location: home, workplace, and their associated spatial coordinates; time: nighttime, daytime, and associated absolute (Newtonian) time; connections: family identification, workplace identification. Behaviors:
interaction: between-group and within-group interactions; infection and recovery. Events:
receipt of infection, emission of infectious material, and ending of emissions. Network structure: within-group interaction: full or partial mix; between-group interaction: open path, semiopen path, and closed loop. The simulation described below involves a total of 1000 individuals in a metropolitan area over a period of one month. The population is assumed closed, that is, no birth, death, or migration. The recovered individuals do not reenter the susceptible pool. A stochastic computation approach is used to simulate the population. The 1000 individuals simultaneously belong to 200 families and 50 workplaces. The probability distributions of these nighttime and daytime populations are listed in table 1.
The nighttime and daytime populations are linked by assigning a member of a family randomly to a workplace. The simulation uses 10% infection probability for the susceptible and a one-day latent period and a four-day infection period for the infected. The location of homes is randomly assigned to the residential parts of the metropolitan area and workplaces are assigned to areas where most government, service, and industry jobs are located. The simulation uses a bidaily time step to simulate the daytime and nighttime infections.
To begin, one infected individual is randomly introduced into the population. The infection for the rest of population depends on three operational steps. The first is to identify both the nighttime and the daytime group members associated with this infected individual. In the second step, certain group members are assigned an infected status according to infection probability of these members. The third step identifies those already infected individuals who have outside-group contact and continues the spread of infection throughout the population. In this illustrative simulation, a full mix and open paths are assumed at both homes and workplaces. Figure 5 displays the result averaged over 200 simulations for the number of daily infections over the thirty-day period. This result is compared with the simulation result using the traditional epidemiological modeling approach. Both simulations use the same population, simulation time interval, and operation steps, but the traditional approach allows a global mix in the population. As expected, results from the two approaches differ. The individual-based approach produced a lower number of daily infections, a lower and later peak, a longer period of epidemic, and a lower number of total infections over the epidemic. Because of the global mix in the traditional approach, almost the entire population is infected on the second day. In contrast, the epidemic in the individual-based approach depends on the accumulation of individualized infection paths to peak and decline over time.
In a working model, the traditional approach uses certain parameters, such as a contact coefficient, to reduce the contact level within a population so the predicted level of infection can be realistic. For a working version of the individual-based approach, the size, composition, and location of families and workplaces can be estimated from census and other sources of data. With these locations, the links between the nighttime and daytime populations can be reasonably estimated by using the travel time between homes and workplaces provided by the census data. The mixing pattern within a group, infection path, and infection probability and direction can be estimated according to the population statistics.
The spatial distribution of the simulated nighttime and daytime infection is displayed in figure 6 (see over). A group, either a family (circle) or a group of coworkers (triangle), resides at each location. The percentage of members of a group who are infected is represented by the degree of shading, darker shades indicating greater percentages of infection. The spatial distribution of infection on days 5, 7, and 10 are displayed in order to present different stages of the epidemic. On day 5 the epidemic is on the rise and the peak is reached on day 7, and on day 10, the epidemic is in decline.
Conclusion: generality versus realism
This paper presents a conceptual framework for individual-based and spatially explicit modeling of the epidemiology of infectious diseases. The framework supports the basic principles of epidemiology through an alternative modeling approach. In particular, in this paper I have discussed four aspects of modeling: (1) population segments or unique individuals as the modeling unit, (2) continuous process or discrete events for disease development through time, (3) traveling wave or network dispersion for transmission of diseases in space, and (4) interactions within and between nighttime and daytime populations. Object-oriented and network modeling structures are considered appropriate to support the proposed conceptual framework, and the stochastic computation approach is necessary to implement the model design. The major shift from population-based to individual-based modeling is not unique to epidemiology. In part, this shift is stimulated by rapid improvements in computing power that support modeling of large numbers of objects easily. Related to the improved computing power is the development of new computing paradigms, such as object orientation, that provide the theoretical support for the individualized representation. Furthermore, the availability of spatial data has contributed to the spatially explicit modeling. Presently, infection data collected at the individual level are used under restrictive guidelines because of privacy concerns. Certain spatial data are available to serve as a surrogate means to calibrate model prediction. These advances in technology, theory, and data allow the incorporation of realistic assumptions and causal factors into a model that are not accounted for in the traditional models. The ultimate incentive for individual-based modeling comes perhaps from within the science communities that see not only the possibility of, but also the need for, realistic models. The emergence of individual-based models is expected to bring modeling closer to reality than the traditional models, thus providing new insights into the population health.
The increased realism in individual-based modeling also raises a profound question. That is, how much realism is adequate before overwhelming the representation of the true essence of reality, or to state it differently, how to strike a balance between generality and realism. This question was best stated by Koopman and Lynch (1999) who referred to the development of laws of motion in physics. When developing these laws, Newton ignored Aristotle's insistence that the slowing of objects in motion should be a central part of the laws because it is a realistic observation. Newton's laws of motion are proven for their theoretical worth, but not for their fit to reality. In this sense, the traditional epidemiological models are better suited to the purpose of generalization. As they become more realistic, the increased complexity is too much of a burden for their deterministic model structure. On the other hand, the increased realism in the proposed individual-based model demands realistic estimates of stochastic aspects of the model, such as the infection probability of individuals. Further research is needed to address this demand. The balance between generality and realism will ultimately be determined by the combination of technology, representation theory, science, and observational data.
For application concerns, the representation principles outlined in this paper can be extended for different modeling purposes. For example, the`weekend' population (for example, those at service, social, religious, or other nonhome or nonwork locations) is not addressed in this paper, but it can be added to the simulation. Environment is another important element for population health that is not addressed. It requires a conceptual model and a GIS data model to represent the continuous environment, in addition to the operations needed to represent the interactions between discrete individuals and the continuous environment. With these extensions, the role of the environment can be accommodated within the individual-based model framework. Vector-borne infectious diseases are another application that can be supported by the extension of the proposed framework. This representation may require modeling the life path of both human individuals and vector pathogens, such as mosquitoes for malaria and rodents for dengue fever.
Good models require sound theories, reasonable estimates of parameters, and supporting data. In this paper I have explored the theoretical concerns of an individual-based spatial model for the epidemiology of infectious diseases, hoping to further the discussion on any aspects of model development and contribute to epidemiological research.
